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Abstract

Sea lice (Caligus rogercresseyi) is an ectoparasite that causes major production
losses in the salmon aquaculture industry of the southern hemisphere. Atlantic
salmon (Salmo salar) is an important salmonid for the aquaculture industry and a
species which is highly susceptible to sea lice infestation. Genetic variation for
resistance to sea lice, defined as parasite load, has been found in Atlantic salmon.
In addition, sea lice load has been shown to be a polygenic trait, controlled by several
guantitative trait loci (QTL) which have small to medium effect, making them difficult
to map with sufficient statistical power when sample sizes are limited. The use of
medium density single nucleotide polymorphisms (SNP) can also adversely affect
the success of identifying genetic variants significantly associated to sea lice load.
In order to improve the ability to detect QTL significantly associated to sea lice load,
we combined genotype imputation from medium- to high SNP-density and performed
genome-wide association studies (GWAS) across different populations of Atlantic
salmon. The imputation of genotypes of 6,144 fish challenged against sea lice from
four year-classes was performed to increase density from 70K SNPs to 600K SNPs.
A meta-GWAS was then carried out for three different traits: lice count, lice density
and log-lice density. Using this approach, we detected a genomic region highly
associated to sea lice load on Atlantic salmon chromosomes (ssa) 3 and 12
pronounced peaks and several other regions surpassing the significance threshold
across almost all other chromosomes. We also identified important genes within the
QTL regions, many of these genes are involved in tissue reparation, such as Mucin-
16-like isoform X2 and Filamentous growth regulator 23-like isoform X1. The QTL
region on ssa03 also contained cytoskeletal-modifying and immune response
related genes such as Coronin 1A and Claudin. Our results confirm the highly
polygenic architecture of sea lice load, but they also show that high experimental
power can lead to the identification of candidate genes and thus to increased insight

into the biology of sea lice resistance in Altantic salmon.
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1. Background

Within the animal production sector, aquaculture is the industry that grows most
rapidly, and it is expected to have a large impact on the world's food supply in the
next decades [1, 2]. In Chile, the salmon industry was established in the early 1980s.
Since then it has grown rapidly and transformed the country into one of the main
salmon producing countries the world, harvesting around 435.9 thousand tons of

Atlantic salmon (Salmo salar) in 2018 [1].

Sea lice is the common name given to a group of ectoparasitic copepods of the
family Caligidae, which parasitize fish in saltwater [3]. This family accounts for more
than 60% of the parasites reported to affect fish in marine environments [4]. The
salmon louse, Lepeophtheirus salmonis, is only found in the northern hemisphere,
predominantly affecting salmonids of the genera Salmo, Oncorhynchus and
Salvelinus [5]. Coho salmon (Oncorhynchus kisutch) and pink salmon
(Oncorhynchus gorbuscha) were described to be more resistant to L. salmonis
infestation than other salmonid species, such as Atlantic salmon and rainbow trout
(Oncorhynchus mykiss) [6, 7]. L. salmonis was the responsible agent for major
salmon disease outbreaks in Canada, Faroe Islands, Ireland, Maine (USA), Norway
and Scotland [3, 8]. In the southern hemisphere, Caligus rogercresseyi is the main
species affecting salmon aquaculture [9]. Infections by C. rogercresseyi lead to skin
lesions and osmotic imbalance, which in turn increases the salmons susceptibility to
secondary bacterial and viral infections [10]. Similarly to L. salmonis, C.
rogercresseyi seems to affect Atlantic salmon and rainbow trout more than it affects
coho salmon, as the latter displays a higher ability to rapidly eliminate the parasites

during infestation [11] as well as low sea lice burden under field conditions [12].

A common strategy to combat sea lice is through the use of chemical products, but
this strategy is generally limited by the generation of resistance to the drugs in the
parasite [13]. One of the alternatives that have been proposed for the control of the
parasite is selective breeding for decreased parasite load in the host species [2].

Selecting animals that are more resistant to parasites or have higher ability to
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eliminate them leads to increases in productivity and animal welfare, and
consequently to a lessened environmental impact and reduced costs in the industry
[14].

Genome-wide association studies (GWAS) can be used to identify DNA markers
associated to traits of importance. This method captures the linkage disequilibrium
between markers and causative mutations which tend to be inherited together across
generations [15]. GWAS has been applied to provide insights into the genetic
architecture of several important traits in Atlantic salmon, including sea lice load [16—
19]. All these studies demonstrated a polygenic architecture of lice load, with no
genome-wide significant association at any chromosome [16, 19], except for a
moderate quantitative trait locus (QTL) located in ssa03 which was reported to
surpass the significance threshold in a recent study [17]. Previous studies have most
likely failed in detecting significantly associated regions because they used a low to
moderate number of animals with phenotypes and genotypes ,from 1,498 to 1,119
[18]. 2,600 and 1,056 [17], 2,559 and 2,404 [19] and medium density SNP panels.

An effective strategy to increase the statistical power compared to single-population
GWAS and to decrease the rate of false positives is to use meta-analysis of GWAS.
In general, this approach may be performed on results from studies of independent
populations. For instance, summary statistics from single-population GWAS,
including p-values, direction of SNP effects, and sample sizes, can be used to
compute an overall Z-score and thus to recalculate GWAS statistics for a meta-
population [20]. This approach has been shown to increase the power to detect QTL
for polygenic traits in humans [21], and it has also been applied in different livestock
species, such as dairy cattle [22], pigs [23] and sheep [24]. A very recent study
identified a QTL for the ability to adapt to to high plant protein diet by applying meta-

analysis of GWAS large yellow croaker, an important aquaculture species [25].

Genotype imputation can be used to increase the density of genotype information in
large populations. This approach infers missing marker information for individuals

genotyped with low- to medium-density SNP panels by using a reference population
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genotyped with a high-density SNP panel. To achieve that, the method uses
haplotypes that are shared between both populations [26, 27]. Genotype imputation
has two main advantages in genomic applications: reduction of genotyping costs
(i.e., genotyping at high density is only necessary for the subset of individuals to be
used as reference) and increase of accuracy in detection of genomic regions
involved in trait variation [28]. The latter is particularly important for GWAS purposes
because the inclusion of ultra-dense SNP information may potentially include
causative mutations for the phenotype of interest, which in turn can be used to
accelerate the rate of genetic gain if the functional variants are incorporated in the

genomic prediction of the genetic merit [29, 30].

The objective of this study was to use meta-analysis of GWAS combined with high-
density imputed genotypes to increase the statistical power and accuracy to identify
both QTLs and candidate genes associated with sea lice load traits in Atlantic

salmon.

2. Material and Methods
2.1 Origin of animals and sea lice challenges

The data used in this study were obtained from different year-classes (2012, 2013,
2016 and 2017) of the AquaGen breeding population, which were challenged against
C. rogercresseyi. All challenges were performed in the same way. Briefly, all animals
passed by an acclimation period of 13 days on average prior to challenge and were
gradually transferred to seawater (32 ppm). After transfer, fish were infested with C.
rogercresseyi copepodites which had been produced from parasite ovigerous
females. The fish were infested with a known number of 35 copepodites per animal.
After a number of days ranging from 2 to 18, sea lice load was measured by counting
parasites, and weight was also recorded (Table 1). Then, a deinfestation process
was applied by gradually reducing the salinity until 5 ppm. After that, salinity levels

were increased again to 31 ppm and a new infestation procedure was initiated
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followed by a second lice counting, as described previously. All year-classes were
subjected at least to two different timepoints of lice counting and one year-class
(2017) was subjected to four measurement timepoints, in two independent

challenges, i.e. two measurements each.
2.2 Genotyping

A total of 6,114 animals from all year-classes evaluated in the sea lice challenges
were pit-tagged and genotyped using custom ThermoFisher (Affymetrix) SNP arrays
developed exclusively for AquaGen’s Atlantic salmon populations. These panels
consisted of different versions of medium-density (MD) SNP arrays, containing 50k,
60k and 70k SNP markers, which were used for genomic selection purposes and
updated periodically. In order to perform a “step-wise” genotype imputation, we also
used genotypic information fromtwo other populations genotyped at 200k and 930k
SNP densities (HD200 and HDg30, respectively). The 200k ThermoFisher (Affymetrix)
SNP array was used for genotyping 1,480 animals of the 2010 year-class. The 930k
ThermoFisher (Affymetrix) SNP array was used for genotyping 1,326 parents of the
2010 year-class and other anteceding animals from previous year-classes [31]. All
SNPs used in downstream analyses were positioned based on the Atlantic salmon

reference genome (assembly ICSASG_v2).
2.3 Quality control and genotype imputation

Initially, a quality control was performed for each genotyped dataset. For all
populations genotyped with MD, HD200 and HDg30 SNP arrays, the following filters
were applied independently: call-rate for SNPs < 0.9, minor allele frequency (MAF)
< 0.01 and Hardy-Weinberg equilibrium (HWE) (Bonferroni corrected p-value <
0.05). Table 2 shows the number of SNPs before and after quality control for each

population included in this study.

A “step-wise” genotype imputation strategy was implemented, imputing first from MD
to HD200, and then from HD200 to HDg930 as this strategy offers higher accuracy of

imputation than direct imputation from medium-density to very high-density [32].
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Before genotype imputation, an approximation to imputation accuracy validation was
carried out to remove SNPs imputed with low accuracy using a five-folded cross
validation scheme for both HD200 and HDg30 dataset. First, 296 animals from the
HD200 population (20% of total) were randomly assigned as validation population and
the other 1,496 animals (80% of total) were assigned as reference population across
the five validation groups. The reference animals had 209,579 SNPs and the
validation individuals had their genotypes masked keeping only 42,963 SNPs that
were in common in the populations genotyped with the MD SNP array. The
imputation was performed for each validation group and the accuracy of genotype
imputation was estimated using the Pearson’s correlation (r?) between imputed and
observed genotypes. Finally, only SNPs with mean accuracy of imputation (r?)
greater than 0.8 were selected to the final set of imputable SNPs. For the HDg30
validation, the same strategy was implemented using 20% of animals with 633,254
SNPs and 80% of animals 200,394 SNPs as reference and validation populations,
respectively. All imputations were performed using the FImpute v3 software using

standard parameters [26].
2.4 Trait Definitions

To determine the levels of quantitative genetic variation and heritability of sea lice
burden, the following trait definitions were used: lice count (LC), lice density (LD)
and LogLD. LC was recorded on the skin surface of each individual by manual
counting. LD and LogLD were measured accounting for the surface area of the fish,
which is determinant for sea lice adherence. Gjerde et al. (2010) defined the lice
density (LD) as:

D (LC + 1)
~ \YBW?
where BV is the body weight (g) recorded at the end of the experimental challenge,

YBW? is an approximate measure of the surface area of the fish, and LC is the lice
count as described previously. In order to normalize the counting data, a

transformation to the natural logarithm was applied (LogLD) as:
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LC+1

LOgLD = Loge (W)

2.5 Single-trait GWAS (stGWAS)

The single-trait genome wide association analyses (stGWAS) were performed for
each year-class assuming each lice counting at different timepoints, i.e., two records
for 2012, 2013 and 2016, and four records for 2017 totalizing 10 records for LC, LD
and LogLD each. Prior to sStGWAS, a genotype quality control was implemented
using Plink software [33], discarding markers with SNP call-rate (< 0.90), MAF (<
0.05) and Hardy-Weinberg Equilibrium (< 0.05 / Number of SNPs). After quality
control, the mima option available in the software GCTA v. 1.24 [34] was used to

apply the following linear mixed model for each trait:
yij = ,u+b1*BWj+b2*SNPl-+aij+eij

where y;; is the phenotypic value of the j™ animal, u is the fixed effect of the overall
mean and b, and b, are regression coefficients and the allele substitution effect for
SNP respectively, and BW; is body weight covariate of j™ animal and SNP; is the it
SNP genotype of animal j, coded as 0, 1 and 2 for genotype A1A1, A1A2 and A2Az,
respectively, a;; is the random polygenic effect of the jt animal ~ N(O, Go?2), with G
representing the genomic relationship matrix (GRM) calculated using the imputed
genotypes and o2 is the genetic variance, and e;; is the random residual effect ~
N(O, Io?), with | representing an identity matrix and o2 the residual variance. The
GRM was calculated based on the relationship between all animals from a genome-
wide sample of SNPs obtained by using a common-sense weighting scheme [35].
The GRM restricted maximum likehood (GREML) implemented in GCTA was used
to estimate the genetic and residual variances. Heritability (h?) was calculated as h?
= 0%/(c2 + 62). For each SNP, the variance explained was also calculated using the

following equation [36]:

Var(x) = 2 x MAE, » (1 — MAE,) * B2
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where Var(x) is the variance explained by the SNP x, MAF, is the minor allele

frequency of SNPx and g is the SNPx effect.
2.6 Meta-analysis of sStGWAS results (metaGWAS)

For each trait (LC, LD and LogLD), a meta-analysis of GWAS results using all year-
classes was performed using the METAL software [20]. The p-value, direction of
effect, and sample size were utilized to implement a sample size weighted analysis,
with additional genomic control collection performed based on the difference
between the median test statistic and that expected by chance computing an overall

Z-score:

_ iziw
/Ziwiz

where w; is the square root of the sample size of population i, and z; is the Z-score

Z

for population i calculated as z; = ¢~ (%) A;, where ¢ is the cumulative distribution

function, and p; and A; are the p-value and direction of effect for population i,
respectively. Manhattan plots were produced for each trait in order to visualize the

results from the meta-analyses.
2.7 ldentification of QTL and candidate genes

Lead SNPs were selected based on a genomic threshold with Bonferroni correction
(0.05 / number of SNPs). All variants with p-value crossing the threshold, were
considered a lead SNP, and used to search for candidate genes based on proximity
to the variant. The gene search was performed using BLAST (Basic Local Alignment
Search Tool) against the Salmo salar reference genome (ICSASG_v2), which is
publicly available at NCBI (GenBank assembly accession GCA_000233375.4).
Genes located within 100 kb upstream and downstream of the leading SNPs were

considered putative candidate genes associated with the trait.
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3. Results

3.1 Descriptive statistics

Summary statistics from each sea lice challenge test, including number of animals,

mean body weight + sd, day of counting post infection and LC * sd are shown in

Table 1. The differences in days of counting among the challenges can be explained

by several attempts to understand the kinetic of infestation, mainly focused on

providing a better understanding on the lice attachment process. However, all LC

measures were very similar across different year-classes, except for the 2017 in

which an early time-point was included as the first the counting day (two and three

days post infestation).

Table 1. Summary statistics of challenges for sea lice considering number of animals

(N), body weight (BW) and lice count (LC) for year-classes at different timepoints.

YC a 2012 2013 2016 2017
N b 1369 1926 1512 1310
BW_1c 187.6 £47.6 195.2+50.8 123.8+29.6 270.6 £65.5
BW_2 307.3+87.7 214.1+61.2 214.1+46.3 2875+ 755
BW_3 - - - 439.4 £120.2
BW_4 - - - 484.7 + 133.7
Daysd 17 (18) 10 (8) 13 (13) 2 (3)/12 (12)*
LC_1le 30.0+115 26.3+9.1 31.0 £+ 15.7 8.8+4.6
LC_2 26.1+9.8 27.7+8.8 27.1+15.1 154+7.1
LC_3 - - - 17.1+55
LC 4 - - - 30.3+9.8

2 Year-class

b Number of animals

¢Body weight + SD for timepoints 1, 2, 3 and 4.

4 Day of counting after first infection (Day of counting after second infection)
€ Lice counting + SD for timepoints 1, 2, 3 and 4.
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*Two tanks were used

3.2 Genotype imputation

A total of 167,751 and 393,157 additional SNPs with r2 greater than 0.8 were
obtained after imputation from MD to HD200 and HDag30, respectively. Adding up the
SNPs originally genotyped and the imputed SNPs, it was possible to achieve
approximately 600k SNPs as the final density (Table 2). For all imputed HD200 and
HDo30 genotypes, quality filters were also applied for each population separately. For
SNP call-rate (< 0.9), only 2017 year-class had markers removed (3,119 SNPs).
MAF < 0.05 was the filter that discarded most SNPs as 111,972 (18.4%), 192,623
(31.7%), 136,896 (22.5%) and 131,951 (21.2%) were removed for 2012, 2013,2016
and 2017 year-classes, respectively. The HWE filter discarded a lower number of
markers, 7,453 (1.5%), 49,040(11.8%), 6,170 (1.3%) and 5,165 (1.0%) for 2012,
2013, 2016 and 2017 year-classes, respectively. The final number of SNPs after
quality control before running stGWAS was 488,677, 366,387, 465,618 and 530,510
for 2012, 2013, 2016 and 2017 year-classes, respectively.

Table 2. Number of SNPs before and after quality control, and final number of SNPs

after imputation to 200k and 930k SNP in each population.

YCa Dens.b Pre-QCc Post-QCd Imputation Imputation Post-QCg
(200k)e (930k)f

2010 HD200 217,443 215,379
2018 | HD930 | 723,653 | 633,316 |- -
2012 | MD 48,779 47,374 208,347 600,196 488,667
2013 MD 48,779 46,214 208,347 600,196 366,387
2016 MD 54,341 53,512 209,060 600,491 465,618
2017 MD 68,145 59,213 227,179 616,898 530,510

2 Year-class

® Density of SNPs.MD: medium-density; HD2go: high-density up to 200K SNPs, HDs3o: high-
density up to 930K SNP

¢Number of SNPs before quality control of genotypes
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4 Number of SNPs after quality control of genotypes. call-rate < 0.9, minor allele frequency
(MAF) < 0.01 and Hardy-Weinberg equilibrium (< p-value = 0.05/number of SNPs remaining
after the two previous filters)

¢ Number of SNPs after imputation to 200k using only SNPs with accuracy of imputation
greater than 0.8

"Number of SNPs after imputation to 930k using only SNPs with accuracy of imputation
greater than 0.8

% Number of SNPs after quality control of imputed genotypes, the same filter parameters
used before were applied in this step.

3.3 Genetic parameters

Heritability estimates calculated using the SNP-based GRM constructed with about
~500.000 markers for each population ranged from 0.06 + 0.02 to 0.23 £ 0.04 for
LC, 0.02 £ 0.01 to 0.29 + 0.04 for LD and 0.10 + 0.03 to 0.36 + 0.03 for LogLD as

show in Table 3.

Table 3. Genetic parameters of every year class for all traits evaluated in the meta-

analysis.

YCa Trait? V(e)® V(g)? h2e

2012 LC_18 118.70 + 5.38 7.73 £3.49 0.06 £ 0.02
LC 18 79.78 + 3.89 17.41 +4.02 0.17 £ 0.03
LD 18 0.12 + 0.005 0.01 + 0.004 0.11+0.03
LD_18 0.05 + 0.003 0.02 £ 0.004 0.29+0.04
LogLD 18 0.13 + 0.006 0.01 + 0.005 0.10+0.03
LogLD 18 0.14 = 0.007 0.04 = 0.009 0.24 £ 0.04

2013 LC_10 56.42 + 2.30 1291 +2.47 0.18 £ 0.03
LC 8 62.62 + 2.35 6.53+1.78 0.09 £ 0.02
LD 10 0.06 = 0.002 0.01 + 0.002 0.15+0.03
LD_8 0.05 + 0.002 0.006e" + 0.001 0.10 £ 0.02
LogLD 10 0.20 = 0.009 0.084 £ 0.012 0.28 £ 0.03
LogLD_8 0.20 = 0.009 0.11+0.01 0.36 £ 0.03

2016 LC_13 187.38 £ 8.61 45.09 £9.014 0.19+0.03
LC 13 177.26 + 8.07 38.50+£8.11 0.17 +£0.03
LD 13 0.31+0.01 0.07 £ 0.01 0.19+0.03
LD 13 0.14 + 0.006 0.03 £ 0.006 0.18 £ 0.03
LogLD 13 0.22+0.01 0.095 £ 0.015 0.29 £ 0.03
LogLD 13 0.25+0.011 0.06 £ 0.012 0.19+0.03
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2017 LC_2 28.59 +1.49 6.90 + 1.56 0.19 + 0.04
LC 12 59.45 + 3.15 18.29 + 3.56 0.23+0.04
LC 3 45,80 + 2.31 9.16 + 2.22 0.16 + 0.03
LC 12 103.51 +5.48 30.58 £ 6.15 0.22 +£0.04
LD 2 0.01 +£0.001 0.004 +9e-4 0.19 + 0.04
LD 12 0.03 +£0.001 0.01 + 0.002 0.22 +£0.04
LD 3 0.014 + 7e* 0.002 + 7e* 0.16 + 0.03
LD 12 0.03 +£0.001 0.008 + 0.001 0.22 +£0.04
LogLD_2 0.32 +0.017 0.08 +0.018 0.21 +£0.04
LogLD_12 0.24 +£0.012 0.06 + 0.013 0.21 £0.03
LogLD_3 0.12 + 0.006 0.02 + 0.005 0.15+0.03
LogLD 12 0.11 + 0.006 0.032 + 0.006 0.21 £0.04
@ Year-class

b Trait. LC: lice count; LD: lice density; LogLD: Log of lice density. Numbers after the
underscore mean the correlative counting timepoint during the challenge tets (from 1 to 4).
¢Residual variance = SD

d Genetic variance + SD

¢ Heritability + SD

3.4 stGWAS and metaGWAS

For all sStGWAS in each population, there were only few SNPs that surpassed the
genome-wide significance threshold, no major quantitative trait loci were identified
on each particular population when running stGWAS. For LC, the lowest p-value was
observed at 18 day post infestation of the 2012 year-class on ssal7 (p-value=1.25e-
97). For LD and LogLD, the lowest p-values were also observed at 18 day post-
infestation of the 2012 year-class, but in this case on ssa26 (p-value=7.52e%° and
1.23e%8, respectively). The Manhattan plots of stGWAS for every year-class and trait
are shown in Supplementary Figure 1. Few SNPs explaining between 1 to 4 percent

of the fraction of additive genetic variance (Supplementary Table 1).

For the metaGWAS, a substantial increase in the significance level for SNP-trait
association was observed on all chromosomes (Figure 1). A pronounced significant
peak was identified for all traits on ssa03, with p-values of 1.85e??, 9.75e* and
2.45e3! for LC, LD and LogLD, respectively. Smaller consistent peaks were also
observed on ssal2 (p-values of 1.10e1°, 8.79e2° and 5.73e° for LC, LD and LogLD,
respectively), ssal8 (p-values of 5.71e-%°, 1.11%'? and 4.45%'4 for LC, LD and
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LogLD, respectively) and ssa22 (p-values of 7.928e16, 2.356%'> and 1.060%*? for
LC, LD and LogLD, respectively). In addition, it is important to mention that
significant markers were widely distributed across almost all the chromosomes for
all traits. These results highlight the polygenic architecture of sea lice load in Atlantic
salmon, but also show that potential QTLs with minor to moderate effects may be

also affecting these traits.

3.5 Candidate genes

A summary of the main top markers found in the QTL regions are in Table 4, and
the full list of genes located within 100 kb upstream and downstream of the lead SNP
is available in Supplementary Table 2. Some lead SNPs for LC are close to important
candidate genes, including Mucin-16-like isoform X2 and Filamentous growth
regulator 23-like isoform X1 on ssa03, and Fibroblast growth factor receptor-like 1
on ssal2. Some of these genes were already associated with sea lice load variation

in previous studies performed in an independent population in Atlantic salmon [17].

For LD, a lead SNP was found near to a Coronin 1A and Claudin 4 genes between
72,636,574 and 72,647,185 bp position on ssa03. Both genes are related to the
immune system and cytoskeleton modification. The same SNP at ssa03 overlapped
the serine/threonine-protein phosphatase alpha-2 isoform-like gene, which was also
associated with sea lice resistance on GWAS and functional studies in Atlantic
salmon [19, 37]. Additionally in the same chromosome, other 2 SNPs intercepted an
exonic region of the centrosomal protein of 112 kDa at 78,079,260 bpp, which is
related to microtubules formation on mammalian cells [38]. Other lead SNPs were
found on ssal0 at 2,632,647 bp, overlapped the gene of GTP binding protein 6, and
on ssal2 at 15,513,054 bp near to an exonic region of the alpha-2-macroglobulin-

like gene, which is a proteinase regulator [39].

For LogLD, a lead SNP overlapped the gene of metalloproteinase inhibitor 2 (timp2)
at 86,314,119 bp on ssa03 and is nearby to GDP-L-fucose synthetase gene. The

metalloproteinases inhibitor may participate in a wide range of processes, such as
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activation and release of cytokines, inhibition of growth factors from extracellular
matrix and favoring of cells migration to the wound area [40]. Another lead SNP on
the same chromosome is close to somatostatin receptor type 5-like at 72,684,148
bp. On ssa09, a lead SNP is nearby E3 ubiquitin-protein ligase (trim8), which was
identified as a candidate gene for sea lice resistance in a previous study [19]. A lead
SNP on ssal? intercepted an exonic region of ral guanine nucleotide dissociation
stimulator-like 1 at 15,628,486 bp and, at the same chromosome, a SNP is near to
the filaggrin-2-like gene that participates in cell to cell adhesion and structure of

epidermis [41].

4. Discussion

We found low to moderate (0.02 + 0.01 to 0.36 + 0.03) heritabilities for LC, LD and
LogLD traits considering all data sets. These results agree with previous studies in
which sea lice resistance is defined as parasite burden. Previous studies have
estimated heritabilities using genomic information with SNP panel densities from 60K
to 200K [10, 17, 19, 42-48]. The use of imputed information increased heritability
values for body weight traits as was observed in Nile tilapia [49, 50] using the same
population from medium to ultra high density and for sea lice trait [51], using low

density to high density imputed genotypes.

Previous studies identified loci and candidate genes associated with sea lice
resistance traits in Atlantic salmon [17, 19, 52], but the medium-density SNP panels
and limited sample size used in these studies may have hindered the identification
of genes truly associated to these traits. These GWAS were performed with
moderate sample size using a maximum of ~2,600 animals, and using only medium
density SNP panels[10, 16, 18]. .

In order to increase stadistical power and accuracy for detecting association
between SNPs and the traits of interest, we imputed genotypes to high-density and
then performed meta-analysis of GWAS. The imputation was performed from
medium-density SNP arrays (50, 60 and 70K) to high-density at two different levels,

~200K and ~500K, using markers previously selected based on expected accuracy
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of imputation higher than 0.80. The genotype imputation may help to increase GWAS
resolution allowing fine-mapping of the sea lice load traits. However, as shown for
StGWAS for all year-classes (Supplementary Figure 1), few SNPs surpassed the
genome-wide significance threshold, similar to previous GWAS results for the same
traits performed in independent populations, in which no evidence of major effect

QTLs for sea lice load traits was found [19].

The metaGWAS effectively increased significance of genomic regions identified in
our study. This approach was applied to leverage multiple summary statistics from
StGWAS performed on the same traits using different populations (year-classes) and
increasing the sample size. In addition to increasing sample size, the metaGWAS
strategy helps to reduce the number of false positives because most of effect sizes
usually detected in GWAS are small and inconsistent across different studies or

populations [53].

The difference in the number of genome-wide statistically significant markers
associated with sea lice load traits between stGWAS and metaGWAS was
remarkable. Overall, the increase in significant SNPs was consistent across all traits,
for LC, LD and Log LD we found 2,340, 1,872 and 2,204 SNPs who cross the
genomic significant threshold, respectively. However, there were also significant
SNPs in the stGWAS analyses that were not confirmed in the metaGWAS. If the
SNP association is not confirmed in the metaGWAS, we may assume that the prior
association identified by GWAS is only relevant to the year-class in which is detected

or might be a false positive.

We found approximately 2,000 genome-wide significant markers dispersed in almost
all chromosomes, and these markers may be tagging important genetic variants
controlling sea lice load in Atlantic salmon. This result was expected given that sea
lice load has been previously described as a polygenic trait in this species [43, 52,
54]. A pronounced peak comprised by highly significant markers on ssa03 was found
for all traits analyzed, suggesting that part of the genetic variation in sea lice load is

due to a low to moderate effect QTL on this chromosome. This region on ssa03 is
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consistent with previous results from GWAS performed for similar traits in different

populations [19, 37].

The lead SNP in ssa03 is nearby the metalloproteinase inhibitor 2 (timp2). Several
metalloproteinases were associated with functional response to sea lice infestation
[40, 55, 56], participating in important innate response processes including
inflammation and tissue remodeling. Within the same region, another lead SNP is
near to cytohesin-1 (cyhl) gene which is an abundant protein of immune cells,
participating on cell binding and adhesion [57]. A related protein potentially
associated to sea lice response, the serine/threonine-protein phosphatase alpha-2
isoform-like, was also detected on ssa03, and described to be playing an important
role in cell growth and signaling [58]. A comparative transcriptomic analysis between
healthy skin and skin where sea lice was attached in Atlantic salmon showed
significant differences on the expression ratio of this protein [40, 54]. Genes related
to this protein were also identified in GWAS for sea lice load traits in an

experimentally challenged rainbow trout population [19].

At the same chromosome, we identified novel candidate genes, such as Claudin and
Coronin between 72,636,574 and 72,647,185 bp. The SNPs close to these genes
are strongly associated with sea lice load. Claudins are cell-to-cell adhesion
molecules located at the tight junctions between cells in epithelial cell sheets,
creating a physical barrier against the external environment [59]. The tight junctions
between epithelial cells act as a selective permeable barrier that regulates the
movement of solutes between fluid compartments, thus, they are important
determinants of ion selectivity and general permeability of the epithelia [60]. The
Coronin is a conserved actin binding protein that promotes cellular processes that
rely on rapid remodeling of the actin cytoskeleton, including endocytosis and cell
motility [61].

Significant SNPs were also found at different chromosomes close to widely
characterized genes involved in tissue repair, such as the Fibroblast growth factor

receptor-like 1 on ssal2 [62], Collagen alpha-1 (IV) chain-like on ssal3 and Collagen
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alpha-6 (IV) chain-like [63] on ssal8. These tissue repair genes were described in
genomics and functional studies focused on host response against sea lice
infestation and have great importance in tissue reaction to the parasite in coho
salmon, a species considered highly resistant to sea lice infestation [64]. Collagen
and fibroblast growth factor genes could be related to the response of fish to skin
wounds, as described by [65]. These molecules are involved in processes of
proliferation of filamentous cells and sealing the cutaneous wound, followed by
leukocyte infiltration and epidermal thickening and hyperplasia[11] . The skin wound
maturation occurs through increased epidermal layers and thickness and migration
of cells rather than proliferation of cells [65]. After the inflammation, a concerted
action of different cell types occurs, all coordinated by a complex network of growth
factors and other regulators. Enzymes, such as metalloproteinases [66], are able to
destroy components of the extracellular matrix that are involved in both inflammation

and tissue repair.

Although our study provides valuable insights about genomic regions associated to
sea lice resistance in Atlantic salmon, it is still unclear how the whole mechanism of
defense works for this species.. Coho salmon, a species considered highly resistant
to sea lice, shows quick inflammatory response and epithelial hyperplasia generating
an efficient mechanism that may reduce up to 90% of lice loads in two weeks [11].
The inflammatory response seems to be mild or incomplete in Atlantic salmon with
low neutrophils mobilization at the site of infection [67]. For this reason,
understanding how the infection is fought in resistant species (e.g., coho salmon)
may help to unravel the high susceptibility of other species (e.g., Atlantic salmon and

rainbow trout).

It is also important to mention that all challenges were performed in controlled
conditions. There is a possibility that under field conditions , such as with sea cages,
the response mechanisms may act or interact distinctly to controlled conditions given
by experimental challenges. Another hypothesis is that, under controlled conditions,

host factors (e.g., susceptibility, attractiveness, selectivity) [68] are being evaluated
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instead of the true ability of hosts to eliminate the parasites. For this reason, more
studies regarding the kinetics of sea lice in Atlantic salmon under sea conditions are
needed for distinguishing the different host and environmental factors affecting sea

lice load, from the actual variation of individual response against the infection.

Still, the genes found in the present study, which are putatively associated to the
variation of response to sea lice infestation in Atlantic salmon, confirms that
inflammatory, cell mobilization and tissue repair processes are biological functions
that could be determinant on individual variation of sea lice burden in this species
[56, 69].

Conclusion

The meta-analysis using genotypes imputed to high-density helped to detect SNPs
significantly associated to sea lice load in Atlantic salmon. Our results confirm that
sea lice load related traits are polygenic in nature. Nevertheless, we found several
putative candidate genes which may be contributing to the genetic variance of sea
lice load in this species. Tissue repair, cytoskeletal modification and immune
response ay be playing an important role in the individual variation of sea lice burden

in experimentally challenged Atlantic salmon populations.
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Figure 1. Manhattan plots of meta-analysis of GWAS for lice count (A), lice density
(B) and Logarithm of lice density (C) traits. The blue and red lines indicate the
chromosome- and genome-wide significance thresholds, respectively.

Table 4. Summary of top markers associated with sea lice traits on meta-analysis.

Trait 2
LC

LD

P-value ®
1.85E-22

4.14E-11

1.89E-15

1.10E-19

9.94E-09

2.68E-14

7.96E-09

1.62E-08

6.248e-22

8.228e-22

3.757e-18

5.98E-11

CHRc®

11

12

13

19

19

Pos d
7685474
-
7026040

5892305
9

1563708
8
4828240

1564611
9
7173430
1
2217155
-
7263203
1

8629825
1
7822376
9
5450820
8

Protein ©
GPTase IMAP family member 8-like

Filamentous growth regulator 23-like isoform
X1

Mucin-16-like isoform X2

Involucrin-like

microtubule-associated  serine/threonine-
protein kinase

Tf2-1 polyprotein

Tf2-1

Fibroblast growth factor receptor-like 1
Carbonic anhydrase 6-like

Collagen alpha-1(1V) chain-like
Metalloproteinase-16 isoform X (1,2,3,4)

Tf2-1 poliprotein

neural-cadherin-like

Coronin-1A

Claudin-4

serine/threonine-protein phosphatase
alpha-2 isoform-like

E3 ubiquitin-protein ligase rnf213-alpha

Centrosomal protein of 112 kDa

protein phosphatase 1E
rab5 GDP/GTP exchange factor isoform X3


https://doi.org/10.1101/2022.09.28.509902

bioRxiv preprint doi: https://doi.org/10.1101/2022.09.28.509902; this version posted September 30, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

2.87E-15 10 6602531 moesin-like
1 alpha-ketoglutarate-dependent dioxygenase
alkB homolog 3
3.99E-13 10 2698859 adhesion G protein-coupled receptor L2
isoform X17
latrophilin-3 isoform X14
1.13E-13 11 5892305 microtubule-associated  serine/threonine-
9 protein kinase 2-like isoform X7
8.79E-20 12 1563708 transposon Tf2-1 polyprotein
8 fibroblast growth factor receptor-like 1
isoform X1
5.92E-09 15 1020430 ES3 ubiquitin/ISG15 ligase TRIM25-like
3 tripartite motif-containing protein 47-like
2.68E-08 16 8196661  interleukin-1 receptor accessory protein-like
8 1-B
6.93E-11 17 3033195 actin  cytoskeleton-regulatory  complex
7 protein panl-like
LogLD 2.45E-31 3 8629825 Timp2 Metalloproteinase inhibitor 2
1 GDP-L-fucose synthetase

transposon Tf2-1 polyprotein
fibroblast growth factor receptor-like 1
isoform X1

9.17E-10 3 8680933 ' leucine-rich repeat-containing G-protein
coupled receptor 4-like
transcription factor PU.1-like
myosin-binding protein C, cardiac-type-like

isoform X6
3.87E-15 5 4899836 transposon Tf2-1 polyprotein
1 RNA-directed DNA polymerase homolog
fibroblast growth factor receptor-like 1
isoform X1
4.45E-14 18 7658606 alpha-ketoglutarate-dependent dioxygenase
alkB homolog 3
moesin-like
2.65E-10 18 4716533 adhesion G protein-coupled receptor L2
6 isoform X17
latrophilin-3-like, partial
7.23E-10 20 6758593 pleckstrin  homology domain-containing
6 family H member 1-like
transposon Tf2-1 polyprotein
3.64E-15 21 5030928 semaphorin-3C-like
platelet glycoprotein 4-like
1.24E-13 21 5157027 protein THEMIS-like
1 receptor-type tyrosine-protein phosphatase
kappa-like isoform X2
2.32E-08 25 2327815 SH3 and PX domain-containing protein 2B
4 isoform X4
tripartite motif-containing protein 16-like
1.06E-10 26 2545642 ubiquitin carboxyl-terminal hydrolase 36
7 isoform X3

metalloproteinase inhibitor 2-like


https://doi.org/10.1101/2022.09.28.509902

bioRxiv preprint doi: https://doi.org/10.1101/2022.09.28.509902; this version posted September 30, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Lice count (LC), Lice Density (LD) and Log Lice Density (LogLD) traits
P-value of the marker on meta-analysis
Chromosome

Position of the marker

® o o T p

Genes detected on 100 kb windows


https://doi.org/10.1101/2022.09.28.509902

bioRxiv preprint doi: https://doi.org/10.1101/2022.09.28.509902; this version posted September 30, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

References

1. FAO. The State of World Fisheries and Aquaculture 2020. Sustainability in
action. 2020.

2. Chavanne H, Janssen K, Hofherr J, Contini F, Haffray P, Aquatrace Consortium,
et al. A comprehensive survey on selective breeding programs and seed market in

the European aquaculture fish industry. Aquac Int. 2016;24:1287-307.

3. Covello M, Friend SE, Purcell SL, Burka JF, Markham RJF, Donkin AW, et al.
Effects of orally administered immunostimulants on inflammatory gene expression
and sea lice (Lepeophtheirus salmonis) burdens on Atlantic salmon (Salmo salar).
Aquaculture. 2012;366—367:9-16.

4. Boxaspen K. A review of the biology and genetics of sea lice. ICES J Mar Sci.
2006;63:1304-16.

5. Pike A.W, Wadsworth S.L. Sealice on Salmonids: Their Biology and Control.
1999.

6. Fast MD, Muise DM, Easy RE, Ross NW, Johnson SC. The effects of
Lepeophtheirus salmonis infections on the stress response and immunological
status of Atlantic salmon (Salmo salar). Fish Shellfish Immunol. 2006;21:228-41.

7. Jones SRM, Fast MD, Johnson SC, Groman DB. Differential rejection of salmon
lice by pink and chum salmon: Disease consequences and expression of

proinflammatory genes. Dis Aquat Organ. 2007;75:229-38.

8. Mark Costello. The global economic cost of sea lice to the salmonid farming
industry. J Fish Dis. 2009;32:115-8.

9. Lhorente JP, Araneda M, Neira R, Yafiez JM. Advances in genetic improvement
for salmon and trout aquaculture: the Chilean situation and prospects. Rev Aquac.
2019;11:340-53.

10. Correa K, Lhorente JP, Bassini L, Lopez ME, Di Genova A, Maass A, et al.

Genome wide association study for resistance to Caligus rogercresseyi in Atlantic


https://doi.org/10.1101/2022.09.28.509902

bioRxiv preprint doi: https://doi.org/10.1101/2022.09.28.509902; this version posted September 30, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

salmon (Salmo salar L.) using a 50K SNP genotyping array. Aquaculture.
2017;472:61-5.

11. Fast MD. Fish immune responses to parasitic copepod (namely sea lice)
infection. Dev Comp Immunol. 2014;43:300-12.

12. Hamilton-West C, Arriagada G, Yatabe T, Valdés P, Hervé-Claude LP, Urcelay
S. Epidemiological description of the sea lice (Caligus rogercresseyi) situation in
southern Chile in August 2007. Prev Vet Med. 2012;104:341-5.

13. Bravo S, Sevatdal S, Horsberg TE. Sensitivity assessment of Caligus
rogercresseyi to emamectin benzoate in Chile. Aquaculture. 2008;282:7-12.

14. Bishop SC, Woolliams JA. Genomics and disease resistance studies in
livestock. Livest Sci. 2014;166:190-8.

15. Goddard ME, Hayes BJ. Mapping genes for complex traits in domestic animals

and their use in breeding programmes. Nat Rev Genet. 2009;10:381-91.

16. Correa K, Lhorente JP, Lopez ME, Bassini L, Naswa S, Deeb N, et al.
Genome-wide association analysis reveals loci associated with resistance against
Piscirickettsia salmonis in two Atlantic salmon (Salmo salar L.) chromosomes.
BMC Genomics. 2015;16:1-9.

17. Robledo D, Gutiérrez AP, Barria A, Lhorente JP, Houston RD, Yafez JM.
Discovery and functional annotation of quantitative trait loci affecting resistance to
Sea lice in Atlantic salmon. Front Genet. 2019;10 FEB:1-10.

18. Tsai HY, Hamilton A, Tinch AE, Guy DR, Bron JE, Taggart JB, et al. Genomic
prediction of host resistance to sea lice in farmed Atlantic salmon populations.
Genet Sel Evol. 2016;48:1-11.

19. Caceres P, Barria A, Christensen KA, Bassini LN, Correa K, Garcia B, et al.
Genome-scale comparative analysis for host resistance against sea lice between

Atlantic salmon and rainbow trout. Sci Rep. 2021;11:1-11.

20. Willer CJ, Li Y, Abecasis GR. METAL: Fast and efficient meta-analysis of

genomewide association scans. Bioinformatics. 2010;26:2190-1.

21.Wang J, Fan Y, Mao L, Qu C, Lu K, Li J, et al. Genome-wide association study


https://doi.org/10.1101/2022.09.28.509902

bioRxiv preprint doi: https://doi.org/10.1101/2022.09.28.509902; this version posted September 30, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

and transcriptome analysis dissect the genetic control of silique length in Brassica
napus L. Biotechnol Biofuels. 2021;14:1-14.

22. Bakhshalizadeh S, Zerehdaran S, Javadmanesh A. Meta-analysis of genome-
wide association studies and gene networks analysis for milk production traits in
Holstein cows. Livest Sci. 2021;250 June:104605.

23. Zhou S, Ding R, Meng F, Wang X, Zhuang Z, Quan J, et al. A meta-analysis of
genome-wide association studies for average daily gain and lean meat percentage
in two Duroc pig populations. BMC Genomics. 2021;22:1-13.

24. Gholizadeh M, Esmaeili-Fard SM. Meta-analysis of genome-wide association

studies for litter size in sheep. Theriogenology. 2022;180:103-12.

25. Ke Q, Wang J, Bai Y, Zhao J, Gong J, Deng Y, et al. GWAS and genomic
prediction revealed potential for genetic improvement of large yellow croaker

adapting to high plant protein diet. Aquaculture. 2022;553 February:738090.

26. Sargolzaei M, Chesnais JP, Schenkel FS. A new approach for efficient

genotype imputation using information from relatives. BMC Genomics. 2014;15.

27. Yun L, Willer C, Sanna S, Abecasis G. Genotype imputation. Annu Rev
Genomics Hum Genet. 2009;10:387-406.

28. Yoshida GM, Yéafiez JM. Increased accuracy of genomic predictions for growth
under chronic thermal stress in rainbow trout by prioritizing variants from GWAS
using imputed sequence data. Evol Appl. 2021; April 2021:537-52.

29. Pérez-Enciso M, Rincon JC, Legarra A. Sequence- vs. chip-assisted genomic
selection: Accurate biological information is advised. Genet Sel Evol. 2015;47:1—
14.

30. Fernandes Junior GA, Carvalheiro R, de Oliveira HN, Sargolzaei M, Costilla R,
Ventura R V., et al. Imputation accuracy to whole-genome sequence in Nellore
cattle. Genet Sel Evol. 2021;53:1-10.

31. Barson NJ, Aykanat T, Hindar K, Baranski M, Bolstad GH, Fiske P, et al. Sex-
dependent dominance at a single locus maintains variation in age at maturity in
salmon. Nature. 2015;528:405-8.


https://doi.org/10.1101/2022.09.28.509902

bioRxiv preprint doi: https://doi.org/10.1101/2022.09.28.509902; this version posted September 30, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

32. Van Binsbergen R, Bink MCAM, Calus MPL, Van Eeuwijk FA, Hayes BJ,
Hulsegge I, et al. Accuracy of imputation to whole-genome sequence data in
Holstein Friesian cattle. Genet Sel Evol. 2014,46:1-13.

33. Purcell S, Neale B, Todd-Brown K, Thomas L, Ferreira MAR, Bender D, et al.
PLINK: A tool set for whole-genome association and population-based linkage
analyses. Am J Hum Genet. 2007;81:559-75.

34. Yang J, Lee SH, Goddard ME, Visscher PM. GCTA: A tool for genome-wide
complex trait analysis. Am J Hum Genet. 2011;88:76-82.

35. Yang J, Benyamin B, McEvoy BP, Gordon S, Henders AK, Nyholt DR, et al.
Common SNPs explain a large proportion of the heritability for human height. Nat
Genet. 2010;42:565-9.

36. Burgess S, Thompson SG. Mendelian Randomization. 2015.

37. Robledo D, Gutierrez AP, Barria A, Lhorente JP, Houston R. Discovery and
functional annotation of quantitative trait loci affecting resistance to sea lice in
Atlantic salmon. 2018; October. https://doi.org/10.1101/455626.

38. Ohta T, Essner R, Ryu JH, Palazzo RE, Uetake Y, Kuriyama R.
Characterization of Cep135, a novel coiled-coil centrosomal protein involved in

microtubule organization in mammalian cells. J Cell Biol. 2002;156:87-99.

39. Numata S, Teye K, Tsuruta D, Sogame R, Ishii N, Koga H, et al. Anti-alpha-2-
macroglobulin-like-1 autoantibodies are detected frequently and may be

pathogenic in paraneoplastic pemphigus. J Invest Dermatol. 2013;133:1785-93.

40. Skugor S, Glover KA, Nilsen F, Krasnov A. Local and systemic gene
expression responses of Atlantic salmon (Salmo salar L.) to infection with the

salmon louse (Lepeophtheirus salmonis). BMC Genomics. 2008;9:1-18.

41. Donovan M, Salamito M, Thomas-Collignon A, Simonetti L, Desbouis S, Rain
JC, et al. Filaggrin and filaggrin 2 processing are linked together through skin

aspartic acid protease activation. PLoS One. 2020;15:1-19.

42. Yanez JM, Lhorente JP, Bassini LN, Oyarzin M, Neira R, Newman S. Genetic

co-variation between resistance against both Caligus rogercresseyi and


https://doi.org/10.1101/2022.09.28.509902

bioRxiv preprint doi: https://doi.org/10.1101/2022.09.28.509902; this version posted September 30, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Piscirickettsia salmonis, and body weight in Atlantic salmon (Salmo salar).
Aquaculture. 2014;433:295-8.

43. Tsai HY, Hamilton A, Tinch AE, Guy DR, Bron JE, Taggart JB, et al. Genomic
prediction of host resistance to sea lice in farmed Atlantic salmon populations.
Genet Sel Evol. 2016;48.

44. Kjetsa MH, @degard J, Meuwissen THE. Accuracy of genomic prediction of
host resistance to salmon lice in Atlantic salmon (Salmo salar) using imputed high-
density genotypes. Aquaculture. 2020;526 April:735415.

45. Correa K, Bangera R, Figueroa R, Lhorente JP, Yafez JM. The use of genomic
information increases the accuracy of breeding value predictions for sea louse
(Caligus rogercresseyi) resistance in Atlantic salmon (Salmo salar). Genet Sel
Evol. 2017;49:1-5.

46. Houston RD, Taggart JB, Cézard T, Bekaert M, Lowe NR, Downing A, et al.
Development and validation of a high density SNP genotyping array for Atlantic
salmon (Salmo salar). BMC Genomics. 2014;15:1-13.

47. @degard J, Moen T, Santi N, Korsvoll S, Kjgglum S, Meuwisse T. Genomic
prediction in an admixed population of Atlantic salmon (Salmo salar). Front Genet.
2014;5 NOV:1-8.

48. Fraslin C, Yafez JM, Robledo D, Houston RD. The impact of genetic
relationship between training and validation populations on genomic prediction

accuracy in Atlantic salmon. Aquac Reports. 2022;23 September 2021.

49. Yoshida GM, Yéafez JM. Multi-trait GWAS using imputed high-density
genotypes from whole-genome sequencing identifies genes associated with body
traits in Nile tilapia. BMC Genomics. 2021;22:1-13.

50. Yoshida GM, Lhorente JP, Correa K, Soto J, Salas D, Yafiez JM. Genome-
wide association study and cost-efficient genomic predictions for growth and fillet
yield in Nile tilapia (Oreochromis niloticus). G3 Genes, Genomes, Genet.
2019;9:2597-607.

51. Tsai HY, Matika O, Edwards SMK, Antolin-Sanchez R, Hamilton A, Guy DR, et


https://doi.org/10.1101/2022.09.28.509902

bioRxiv preprint doi: https://doi.org/10.1101/2022.09.28.509902; this version posted September 30, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

al. Genotype imputation to improve the cost-efficiency of genomic selection in
farmed Atlantic salmon. G3 Genes, Genomes, Genet. 2017;7:1377-83.

52. Correa K, Lhorente JP, L6pez ME, Bassini L, Naswa S, Deeb N, et al.
Genome-wide association analysis reveals loci associated with resistance against
Piscirickettsia salmonis in two Atlantic salmon (Salmo salar L.) chromosomes.
BMC Genomics. 2015;16:1-9.

53. Begum F, Ghosh D, Tseng GC, Feingold E. Comprehensive literature review
and statistical considerations for GWAS meta-analysis. Nucleic Acids Res.
2012;40:3777-84.

54. Robledo D, Gutiérrez AP, Barria A, Yafiez JM, Houston RD. Gene expression
response to sea lice in Atlantic salmon skin: RNA sequencing comparison between

resistant and susceptible animals. Front Genet. 2018;9 AUG:1-10.

55. Sutherland BJG, Koczka KW, Yasuike M, Jantzen SG, Yazawa R, Koop BF, et
al. Comparative transcriptomics of Atlantic Salmo salar, chum Oncorhynchus keta
and pink salmon O. gorbuscha during infections with salmon lice Lepeophtheirus
salmonis. BMC Genomics. 2014;15:1-17.

56. Umasuthan N, Xue X, Caballero-Solares A, Kumar S, Westcott JD, Chen Z, et
al. Transcriptomic profiling in fins of atlantic salmon parasitized with sea lice:
evidence for an early imbalance between chalimus-induced immunomodulation

and the host’s defense response. Int J Mol Sci. 2020;21.

57. Pacheco-Rodriguez G, Moss J, Vaughan M. Cytohesin-1: Structure, function,
and ARF activation. Methods Enzymol. 2005;404:184-95.

58. Veerle J, Jozef G. Protein phosphatase 2A: a high regulated family of
serine/threonine phosphatases implicated in cell growth and signalling. Biochem J.
2001;353:417-39.

59. Glunzel D, Fromm M. Claudins and other tight junction proteins. Compr Physiol.
2012;2:1819-52.

60. Chasiotis H, Kolosov D, Bui P, Kelly SP. Tight junctions, tight junction proteins
and paracellular permeability across the gill epithelium of fishes: A review. Respir


https://doi.org/10.1101/2022.09.28.509902

bioRxiv preprint doi: https://doi.org/10.1101/2022.09.28.509902; this version posted September 30, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Physiol Neurobiol. 2012;184:269-81.

61. Gandhi M, Goode BL. Coronin: The Double-Edged Sword of Actin Dynamics.
In: Clemen CS, Eichinger L, Rybakin V, editors. The Coronin Family of Proteins:
Subcellular Biochemistry. New York, NY: Springer New York; 2008. p. 72-87.

62. Presta M, Dell’Era P, Mitola S, Moroni E, Ronca R, Rusnati M. Fibroblast
growth factor/fibroblast growth factor receptor system in angiogenesis. Cytokine
Growth Factor Rev. 2005;16 2 SPEC. ISS.:159-78.

63. Gebauer JM, Kobbe B, Paulsson M, Wagener R. Structure, evolution and
expression of collagen XXVIII: Lessons from the zebrafish. Matrix Biol.
2016;49:106-19.

64. Valenzuela-Mufioz V, Boltafia S, Gallardo-Escarate C. Comparative immunity
of Salmo salar and Oncorhynchus kisutch during infestation with the sea louse
Caligus rogercresseyi: An enrichment transcriptome analysis. Fish Shellfish
Immunol. 2016;59:276-87.

65. Iger Y, Abraham M. The process of skin healing in experimentally wounded
carp. J Fish Biol. 1990;36:421-37.

66. Manicone AM, McGuire JK. Matrix Metalloproteinases as Modulators of
Inflammation Anne. 2009;19:34-41.

67. Johnson SC, Albright LJ. Comparative susceptibility and histopathology of the
response of naive Atlantic, chinook and coho salmon to experimental infection with
Lepeophtheirus salmonis (Copepoda: Caligidae). Dis Aquat Organ. 1992;14
December:179-93.

68. Murray AG. Using observed load distributions with a simple model to analyse
the epidemiology of sea lice (Lepeophtheirus salmonis) on sea trout (Salmo trutta).
Pest Manag Sci. 2002;58:585-94.

69. Robledo D, Gutiérrez AP, Barria A, Yafez JM, Houston RD. Gene expression
response to sea lice in Atlantic salmon skin: RNA sequencing comparison between

resistant and susceptible animals. Front Genet. 2018;9 AUG.


https://doi.org/10.1101/2022.09.28.509902

bioRxiv preprint doi: https://doi.org/10.1101/2022.09.28.509902; this version posted September 30, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.


https://doi.org/10.1101/2022.09.28.509902

